Amihud's (2002) stock (il)liquidity measure averages the daily ratio of absolute closeto-close return to dollar volume, including overnight returns, while trading volumes come from regular trading hours. Our modified measure addresses this mis-match by using open-to-close returns. It better explains cross-sections of returns, doubling estimated liquidity premia over 1964-2017. Using non-synchronous trading near close as an instrument reveals that overnight returns are primarily information-driven and orthogonal to price impacts of trading. Thus, including them in liquidity proxies magnifies measurement error, understating liquidity premia. Our modification especially matters when applications in finance and accounting render use of intraday data infeasible/undesirable. * We are grateful for comments received from
1 Amihud's (2002) article has 1,804 citations by peer-reviewed published articles, including 247 in the top-three finance journals and 50 in the top-three accounting journals (Web of Science, accessed May 6, 2019).
2 See Chordia et al. (2000) , Pástor and Stambaugh (2003) , Acharya and Pedersen (2005) , Sadka (2006) , Asparouhova et al. (2013) , Drienko et al. (2017) , Harris and Amato (2019) , among others. Goyenko et al. (2009) show that Amihud's measure remains priced post-decimalization. Anand et al. (2013) and Barardehi et al. (2019) provide evidence of strong time-series and cross-sectional correlations between Amihud's liquidity measure and actual and estimated institutional trading costs. Studies such as Lipson and Mortal (2004) relate equity liquidity, captured by Amihud's measure, and corporate finance decisions.
3 Kingsley et al. (2017) find Amihud's (2002) measure to be unsurpassed as a "cost-per-dollar-volume" proxy for global research. Goyenko et al. (2009) show that it is a good proxy for the price impacts of trading.
daily absolute return by the same day's dollar trading volume. The measure captures the price impact of trading, or the amount a given trading volume moves market prices. While the denominator reflects trading volume during trading hours, the numerator reflects closeto-close returns, or absolute return between the close of the previous day and the current day, which includes overnight price movements. Such overnight adjustments reflect after-hours price movements that are often driven by information arrival unrelated to the daily trading volume used in the denominator (Barclay and Hendershott 2003; Santosh 2016 ).
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Our measure, which we abbreviate as OCAM for open-to-close Amihud measure, instead uses the absolute return between opening and closing prices of the trading day, excluding overnight price movements. This modification reflects two observations. First, the vast bulk of trade occurs during trading hours, meaning that trading costs are realized then.
5 This means that a measure better reflects trading costs, or the price impacts of trading volume, if it is calculated using data from trading hours. The same logic underlies the calculation of other measures of stock liquidity such as spreads or estimates of Kyle's λ using trade and quote data exclusively from regular trading hours. Second, trading volumes reported by data vendors such as CRSP almost entirely reflect transactions during trading hours. 6 Figure 1 illustrates the time mismatch between measures of daily return and trading volume that, respectively, enter the numerator and denominator of Amihud's (2002) proxy of daily price impacts. Measuring both the numerator and denominator over regular trading hours keeps these two measurement inputs internally consistent.
We establish that overnight price movements represent a major source of the observed 4 Barclay and Hendershott (2003) show that after-hour transactions possess more information content than trades during regular hours. Santosh (2016) finds that 71% of stock value shocks driven by after-hour earnings surprises are reflected in opening prices the following trading day. See also Stole and Whaley 1990 and Cao et al. 2000 for the impact of information revelation at open.
5 Note that regular hours account for less than 20% of total hours in a week, suggesting that including price movements realized during off-trading hours introduces significant noise.
6 In recent years, CRSP volume includes the tiny fraction of trades that happen between 4:00pm and 8:00pm on NASDAQ and electronic communication networks (ECNs). cross-sectional and time-series variations in the close-to-close Amihud measure (CCAM ).
We show that these overnight returns are primarily information-driven, and have little to no relevance for liquidity measurement. Including them in the illiquidity measure introduces measurement error that could bias estimates of liquidity premia toward zero. OCAM excludes such price movements, producing significantly higher explanatory power for the cross-section of returns, and revealing larger liquidity premia.
Figure 2 reveals the impact of including overnight price movements on the measurement of liquidity. Were there negligible differences between the two Amihud measures, then the ratio of OCAM to CCAM would be close to one. Figure 2 plots the three cross-stock quartiles of this ratio over time. Several key findings emerge: (i) the ratio is far less than one for the bottom quartile of stocks in the first thirty years of the sample (ranging from below 0.5 to about 0.7 before rising to 0.8 and above by the mid-1990s), a pattern that cannot be explained by cross-stock variation in after-hours trading;
7 (ii) cross-stock variation appears to decline over time; (iii) while the ratio displays a generally positive trend, there are several episodes of sharp systematic decline such as that during the 2008 financial crises, highlight-.5
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. Figure 2: Evolution of the ratio of OCAM to CCAM . The figure plots the temporal changes in the cross-stock distribution of the OCAM -to-CCAM for NYSElisted common shares in the 1964-2017 period. For each stock i in year y, the ratio ROC iy = OCAM i,y−1 /CCAM i,y−1 is calculated. The year-specific quartiles of this ratio are plotted against time. See Section 2.2 for variable construction.
ing the economic relevance of OCAM even in modern financial markets; (iv) the ratio is less than one for almost 95% of stock-years; and (v) reflecting the temporal stability of the ratio, the two measures display a strong time-series co-movement, indicating that OCAM likely picks up temporal variation in price impacts similarly to CCAM .
Our modification leads to improvements in the ability of Amihud's measure to explain the cross-section of returns. We replicate and extend the cross-sectional analysis of Amihud (2002) for NYSE-listed firms in the 1964-2017 period, using a novel database that reports historical open prices. Liquidity premia based on OCAM are roughly double those obtained based on the traditional CCAM -in Appendixes B and C, we verify the robustness of this finding to corrections for upward biases identified by Asparouhova et al. (2010 Asparouhova et al. ( , 2013 . 8 We document similar evidence when we use the two measures to estimate liquidity premia on risk-adjusted returns from a Fama-French four-factor model in panel regressions. These estimates control for both stock and time fixed effects, revealing that neither unknown fixed stock characteristics nor temporal variation in sample composition drive our findings. Temporal patterns in liquidity premia are consistent with findings of Asparouhova et al. (2010) , BenRephael et al. (2013) , and Harris and Amato (2018) AMEX-and NASDAQ-listed stocks are two to five times higher than those for NYSE-listed firms, and they remain high in recent years.
To evaluate the incremental information content of each measure, we decompose each version of Amihud's (2002) measure into linearly orthogonal components with respect to the alternative. The residuals from regressing OCAM on CCAM significantly explain the crosssection of expected (risk-adjusted) returns. However, the converse is not true. We show in Appendix E that OCAM 's superior performance in capturing liquidity, relative to CCAM , also manifests itself in the higher correlations of OCAM with other standard measures of stock liquidity.
Our findings also inform the debate on the pricing of the Amihud (2002) liquidity measure. Lou and Shu (2017) argue that the pricing of Amihud's (2002) measure is driven by variation in the trading (dollar) volumes entering its denominator as opposed to variation in absolute close-to-close returns that enter the numerator. 9 Our analysis provides direct evidence that the absolute return component (the numerator) drives pricing. Our modification alters the absolute return component by removing overnight price movements, leaving the dollar-volumes in the denominator unchanged. This single change sharply alters pricing of Amihud's measure in the cross-section.
We complete our analysis by providing an explanation for how the cross-sectional distribution of the OCAM/CCAM ratio evolves over time. In particular, we explain its rise and convergence post decimalization, showing that the improvements OCAM makes over CCAM reflect (overnight) information-driven price movements. To establish the information-driven nature of overnight price movements, we exploit non-synchronous trading near close, measured by the time distance between the last transaction of the day and 4:00pm EST.
10 If a stock experiences a longer period of non-trading before close and information flows per unit time are similar across stocks, then that stock should see more accumulated information after the final trade, but before close. That accumulated information should then be impounded
into price at open on the next trading day, leading to greater overnight price movement.
The cross-sectional variation in the extent of non-trading across stocks explains a remarkable share of the cross-sectional variation in the ratio of OCAM to CCAM post-1993.
Indeed, after accounting for the extent of non-trading, the cross-sectional distribution of the OCAM/CCAM residual becomes stable over time-the temporal variation in the distribution of the ratio is almost entirely explained by that in the distribution of non-trading.
After controlling for stock size and turnover, along with stock and time fixed effects, each 9 Amihud and Noh (2018) argue that the log-linearization used by Lou and Shu (2017) to decompose Amihud's (2002) measure into the sum of the log of absolute return and the log of one over dollar volume is incorrect. Lou and Shu (2017) omit the correlation term between daily absolute return and the inverse of dollar volume, which Amihud and Noh (2018) show is priced.
10 The literature has previously identified the importance of non-synchronous trading for large autocorrelations in the returns of stock indexes. See Atchison et al. (1987) .
additional ten minutes of non-trading prior to close is associated with a 5-percentage-point decline in the OCAM/CCAM ratio. Thus, extensive differences in non-trading near close imply large disparities between the two liquidity measures. This analysis ties the extent of greater measurement error in CCAM visà vis OCAM to information-driven price movements that are arguably orthogonal to price impacts of trading.
Our paper contributes to a literature that distinguishes price movements during trading hours from those when markets are closed (e.g., Cliff et al. 2008; Barclay and Hendershott 2008; Hendershott et al. 2018; see also French and Roll 1986) . Our modification highlights the importance of time-matched price movement and trading volume inputs for Amihud's liquidity measure. Using this modification reveals that liquidity premia are larger than previously believed. We document a strong relationship between improvements in the quality of Amihud's measure obtained by removing overnight price movements, and the extent of non-trading before close. This result highlights the information-driven nature of overnight price movements, indicating a broader reach of our analysis.
Post-decimalization, empirical analyses of expected returns in U.S. markets suggest that they have become more liquid; and high frequency liquidity measures are now available.
Nonetheless, Amihud's (2002) liquidity measure remains vital for measuring liquidity in international markets.
11 Logic suggests that given how our correction matters for the pricing of liquidity in the U.S.-the world's leading financial market-it would matter more in less liquid international or emerging markets that are fully or partially closed during U.S. trading hours. Indeed, in untabulated results, we find that the median OCAM/CCAM ratio in 11 Amihud's measure is heavily used in studies of markets outside North America. Amihud et al. (2015) document positive liquidity premia across 45 countries in the 1990−2011 period. Lee (2011) documents priced liquidity risk in international markets. Hung et al. (2014) find weaker post-earnings announcement drifts in international markets that are more liquid according to Amihud's measure. Boehmer et al. (2015) show that increased algorithmic trading across 42 international markets impacts Amihud's (2002) measure. Chen et al. (2017) document eviiidence in developing markets that the initial enforcement of insider trading laws is more effective for firms whose stocks witness improvements in their Amihud (2002) liquidity measures. Lang et al. (2015) find that the Amihud (2002) measure is highly correlated with textual lengths of financial reports for firms in the 42 countries studied.
the Brazilian stock market is roughly half its NYSE counterpart in the 2008-2018 period, indicating the heightened economic importance of our correction for such markets.
Data and variables

Amihud illiquidity and modified Amihud
The traditional Amihud (2002) stock liquidity measure, dubbed CCAM (for close-to-close Amihud), calculates the average of the daily absolute return per dollar traded over a given time period spanning D consecutive trading days, where daily returns reflect close-to-close returns, incorporating overnight price adjustments and dividend distributions. As in Amihud (2002) , CCAM iy uses D iy daily observations of stock i in year y,
where R idy and DV OL idy , respectively, are stock i's return and dollar trading volume on day d in year y; and D iy is the number of days for which trading volume for stock i in year y is non-zero. In our rolling regression analyses, we use an alternative construction that updates measures monthly. Thus, instead of using annual averages that we indexed by y in (1), we average the daily absolute return per dollar traded over the 12 months ending in month t:
As such, the measure in month t uses stock i's D 
where P o id and P c id are the open and close prices, respectively. As such, the analogues to the traditional Amihud's measures defined in equations (1) and (2) are
and 12 As a robustness check of GFD opening prices, we estimate our asset pricing model for 1993-2017 using opening price data from CRSP, establishing that our findings are unaffected by the data source.
13 To control for potential data errors in CRSP or GFD, we use similarity in closing prices reported by CRSP and GFD, dropping a matched stock-day observation if its CRSP closing price deviates from that in GFD by more than 0.1%. For example, a stock day with a CRSP closing price of $20.03 and a GFD closing price of $20 is dropped.
14 We replace a stock's monthly return with its de-listing return dlret when a stock is de-listed. 15 In analyses based on replicating Amihud's (2002) findings, we replace the "penny-stock" filter with one that excludes stocks with end-of-previous-year's closing prices below $5, as in Amihud (2002) .
We construct cross-sections of stock characteristics and merge them with cross-sections of monthly returns in two ways. First, following Amihud (2002) , we calculate market betas of size portfolios (deciles of market capitalizations at the end of the previous year), β mkt py , using daily stock and equally-weighted market returns every year-we use β mkt py for β mkt iy if stock i is in portfolio p in year y. We then compile the following stock-specific measures at annual frequencies: Dividend yield, DY D iy , is defined as the ratio of total dividend distributions in a year divided by the closing price at the end of the year. Annual measures of momentum are the returns over the last 100 days of the year, R100 iy , and the realized return over the earlier remaining days of the year, R100Y R iy . Annual return volatility is captured by the annual standard deviation of daily returns per year, SDRET iy . Market capitalization, M iy , is the product of shares outstanding and the closing price at the end of the year. We match these annual measures with each of the monthly return observations of the relevant stock over the following year, to construct an unbalanced monthly panel.
Our second approach addresses the possibility that using the same annual measures of stock characteristics to explain returns in each of the 12 monthly cross-sections in the following year adds noise to later month observations in that year-the previous year's measure grows less germane. This leads us also to use a rolling regression approach, constructing stock characteristics at monthly frequencies, and then matching them with monthly returns in the next month.
16 Fama-French four-factor betas (β mkt i,t−1 , β hml i,t−1 , β smb i,t−1 , and β umd i,t−1 ) at the end of month t − 1 are estimated at the stock level using weekly data from the preceding two years (months t−24 to t−1), requiring at least one year of data. We use four-factor betas, 1-month T-bill rate, and monthly Fama-French factor portfolio returns to construct risk-adjusted returns. Dividend yield, DY D i,t−1 , divides total dividend distributions between months t − 12 and t − 1 by the closing price at the end of month t − 1. Momentum measures RET t−4 i,t−1 and RET t−12 i,t−5 , respectively, capture compound returns over the preceding three months and the 16 See, e.g., Lu and Shu (2017) and Barardehi et al. (2019) .
nine months before that. Return volatility SDRET i,t−1 is given by the standard deviation of daily stock returns over the preceding 12 months. Market capitalization, M i,t−12 , is the product of shares outstanding and the closing price at the end of the month, a year earlier.
We use monthly TAQ data to collect time stamps of the last transaction per trading day, during regular trading hours (9:30am−4:00pm EST), for all NYSE-listed stocks in the 1993−2013 period. 17 We use the temporal distance between these time stamps and 4:00pm
EST, in hours, to construct a measure of the extent of non-trading by stock-year. For a given year, we match these observations with our main sample, described above, using NCUSIP from CRSP and CUSIP from TAQ. For observations without such links, we match SYMBOL from TAQ with TSYMBOL from CRSP.
3 Liquidity, overnight returns, and stock attributes movements also inflates the measure for most stocks. Importantly, as the evolution of the three quartiles of this ratio indicate, the contamination driven by overnight price movements is time-varying and declining, but not disappearing. Table 1 presents medians of several stock characteristics across six ROC categories, after sorting the sample on ROC on a year-byyear basis. Save for market capitalization, stocks in different such categories do not appear to possess materially different characteristics, indicating that the cross-stock variability in the mismeasurement of liquidity is unlikely to be entirely driven by stock characteristics.
One might wonder whether the patterns documented in Figure 2 could reflect temporal variation in the composition of common stocks over our long sample period. One could posit 17 The TAQ database is available for 1993 and after. characteristics by different categories of ROC, i.e., the ratio of OCAM -to-CCAM . Each year, stocks are sorted into 6 ROC percentile categories: less than 5%, 5%−25%, 25%−median, median−75%, 75%−95%, and greater than 95%. Medians of stock characteristics, based on observations from the previous year, are calculated by these categories. β mkt is market beta, M is market capitalization in millions of dollars, DY D is dividend yield (%), SDRET is daily return volatility (%), and P RC is the end-of-year closing price.
Percentile of ROC <5% 5%−25% 25%−50% 50%−75% 75%−95% >95% ROC that the disparity between OCAM and CCAM might capture some unknown stock characteristics, and that the presence of stocks with small ROC iy = OCAM iy CCAM iy in the cross-section has varied over time. In fact, the number of publicly listed firms varies significantly over the past few decades (Kahle and Stulz 2017) . 18 Our panel regression analyses addresses this directly by including stock and time fixed effects. To further preclude the possibility that results are driven by changes in sample composition, we show that the temporal variation in the cross-section of ROC is robust to sample composition. Figure 3 focuses on the sample featuring the 800 stocks with the largest market-capitalizations at the end of the previous year. The figure reveals qualitatively identical patterns in the year-specific cross-stock quartiles of ROC iy to those in Figure 2 ; there is only a moderate upward shift in early decades in the bottom quartile and median, with minimal shifts for the top quartile (less than 2 percentage points). This finding is consistent with the result in Table 1 Figure 3 : Evolution of the ratio of OCAM to CCAM (800 largest firms). The figure plots the temporal changes in the cross-stock distribution of the OCAM -to-CCAM among the 800 NYSE-listed common shares with largest market-capitalizations in the 1964-2017 period. Each year stocks are sorted by market-capitalization to obtain the 800 firms featuring the largest market values. For each stock i in year y, the ratio ROC iy = OCAM i,y−1 /CCAM i,y−1 is calculated. The year-specific quartiles of this ratio are plotted against time.
Because our focus is on the measurement of liquidity, the patterns in Figure 2 are especially relevant for smaller and more thinly-traded stocks, which are generally perceived as relatively less liquid. We document evidence of this by examining how the ratio of OCAM iy to CCAM iy , ROC iy , varies with measures of size and turnover. We measure stock i's size in year y by the natural log of its market capitalization at the end of year y − 1. Our turnover measure for stock i is the natural log of its average daily turnover 19 in year y −1, i.e., ln(T R i,y−1 ).
We fit a panel of annual ROC measures against these stock characteristics for the time pe-
19 Daily turnover is defined as the ratio of the number of shares traded daily to the corresponding number of shares outstanding.
riod 1964−2017, clustering standard errors at both stock and year levels to account for the possibility of inflated t-statistics driven by auto-correlated error terms (see Petersen 2009 ).
We model the cross-sectional variation in ROC iy using the following specification.
where we include both stock and year fixed effects. Because OCAM is closer to CCAM when ROC iy is larger, a positive coefficient α 1 or α 2 means that the two measures differ less when market capitalization or turnover, respectively, are larger. (2002) measures, ROC iy , is regressed on the natural logs of market-capitalization, ln(M i,y−1 ), and mean daily turnover, ln(T R i,y−1 ), as in equation (6), in the 1964−2017 sample. Specifications differ in the set of fixed effects introduced. Numbers in parentheses reflect standard errors of estimates, clustered at both stock and year levels. Symbols * , * * , and * * * reflect statistical significance at 10%, 5%, and 1% type one error, respectively. 1964−2017 1964−1980 1981−2000 2001−2017 ln(M ) 0.028 * * * Table 2 shows large positive and significant relationships between ROC and measures of stock size and turnover, indicating that potential "contamination" by overnight price movements is more pronounced for smaller and more-thinly traded stocks. Variation in these two stock characteristics explain over 11% of the variation in ROC, and the positive associations between the ratio and these characteristics remain even in the presence of both stock and year fixed effects.
Dep. Var. = ROC
The fact that the impact of overnight price movements on measures of liquidity is greater for less liquid stocks suggests that our modified measure of liquidity may be priced differently in the cross-section of stock returns. To reinforce this conjecture, we establish that the differences between CCAM and OCAM reflect substantially different cross-sectional rankings of stocks based on the two measures. We find that the differences do not represent a simple scaling effect: rank correlation statistics between CCAM and OCAM are well below one, especially for less liquid stocks and in earlier years of the sample. To quantify this, we sort stocks each year into top 30%, middle 40%, and bottom 30% liquidity according to CCAM .
We then calculate Kendall's τ statistics every year within each liquidity group, and calculate the average statistic across different years in the entire sample period or in a sub-period.
The two measures of liquidity order stocks in the cross-section very differently. Table 3 shows that rank correlations over the entire sample period are far less than one. These correlations are much smaller for less liquid stocks, going from 76% for the least liquid stocks to 88.9% for the most liquid ones. Consistent with the patterns presented in Figure 2 , rank correlation statistics across all liquidity groups substantially rise over time. 20 These findings underscore that CCAM and OCAM measure cross-sectional differences in stock liquidity differently, and hint at potentially different pricing of the two measures in the cross-section. 1964−2017, 1946−1980, 1981−2000, and 2001−2017 . Each year, stocks are sorted into top 30%, middle 40%, and bottom 30% liquidity according to CCAM . Kendall's τ statistic is calculated every year within each liquidity group, and then averaged across different years in the entire sample period or in a sub-period. 1964-2017 1964-1980 1981-2000 2001-2017 21 We then contrast findings based on CCAM with those obtained using OCAM to highlight the value of our modification. We model the cross-section of returns in month t of year y, R ity as in Amihud (2002), by estimating
Liquidity group
using the Fama-MacBeth approach. X j i,y−1 is stock i's j th characteristic, measured using data from year y − 1; k j ty is the j th characteristic's loading; and ity is an error term. To generate estimates that can be compared to those in Amihud (2002), we similarly fit the model for three time periods : 1964−1997, 1964−1980, and 1981−1997. 22 Also following Amihud (2002), we divide each CCAM iy and OCAM iy observation by its respective sample mean across stocks in year y. This centers each liquidity measure to have a mean of one. Thus, the coefficients on liquidity measures reflect liquidity premia: the additional return investors require for holding the stock with average liquidity, compared to the idealized, fully-liquid stock. This centering also ensures that any differences that we find are not mechanically driven by the fact that OCAM is on average smaller than CCAM . Table 4 shows that when we use CCAM to explain cross-sections of stock returns, our qualitative findings perfectly align with those in Amihud (2002) . In particular, we find positive and significant coefficients on stock (il)liquidity and measures of momentum, but 21 We cannot perfectly replicate the results because GFD does not report open prices for virtually all stocks covered by CRSP, and also because for some stocks we cannot identify a valid CRSP-GFD link.
22 For these estimates, we implement the same filter as in Amihud (2002) for penny stocks. That is, we exclude a stock from year y cross-sections if its closing price at the end of year y − 1 falls below $5. (7) for all NYSE-listed stocks for time periods 1964−1997, 1964−1980, and 1981−1997 . The dependent variable is the monthly stock return in percentage points. CCAM is the traditional Amihud's liquidity measure, and OCAM is Amihud's measure after removing overnight price movements. We divide each CCAM iy and OCAM iy observation by its respective sample mean across stocks in year y, thereby centering each measure to have a mean of one, making coefficients across the two measures comparable. β mkt is market beta estimated across ten size portfolios using daily observations from the last calendar year. R100 is the compound return on a stock in the last 100 days of the previous calendar year, and R100Y R is the compound return over the earlier remaining trading days in the last calendar year. ln(M ) is the natural log of market capitalization at the end of the previous calendar year. SDRET is the standard deviation of daily returns over the previous calendar year. DY D is the ratio of total cash dividend distribution over the previous calendar year to the closing price at the end of that year, or dividend yield. Newey-West standard errors using two lags are reported in parentheses. Symbols * , * * , and * * * reflect statistical significance at 10%, 5%, and 1% type one error, respectively. (7) for all NYSE-listed stocks in time periods 1964−2017, 1964−1980, 1981−2000, and 2011−2017 . The dependent variable is the monthly stock return in percentage points. CCAM is the traditional Amihud's liquidity measure, and OCAM is Amihud's measure after removing overnight price movements. We divide each CCAM iy and OCAM iy observation by its respective sample mean across stocks in year y, thereby centering each measure to have a mean of one. β mkt is market beta estimated across ten size portfolios using daily observations from the last calendar year. R100 is the compound return on a stock in the last 100 days of the previous calendar year, and R100Y R is the compound return over the earlier remaining trading days in the last calendar year. ln(M ) is the natural log of market capitalization at the end of the previous calendar year. SDRET is the standard deviation of daily returns over the previous calendar year. DY D is the ratio of total cash dividend distribution over the previous calendar year to the closing price at the end of that year, or dividend yield. Newey-West standard errors using two lags are reported parentheses. Symbols * , * * , and * * * reflect statistical significance at 10%, 5%, and 1% type one error, respectively. Table 5 . We find the same doubling in the estimated liquidity premium, even in recent years when differences in the magnitudes of CCAM and OCAM are small.
The late 1990s and the new millennium featured a massive increase in exchange-traded funds, whose shares are traded on U.S. security markets, but whose fundamental risks differ larger liquidity premia is due to the measure's relative abilities in explaining the cross-section of returns.
from those of individual corporations. This tilts the composition of the cross-section of stocks away from common shares, altering the sample composition. To account for this, we focus on common shares in the remainder of our analysis. This analysis eliminates penny stocks by requiring a minimum daily close price of $1 over the entire previous calendar year. This differs from Amihud (2002) where penny stocks are identified solely based on end-of-year close prices that fall below $5. We obtain qualitatively similar results based on either approach. Table 6 replicates Table 5 , focusing on common shares only. Once more, estimated liquidity premia double when we use OCAM in lieu of CCAM .
Of note, in the sample of common shares, the declining pattern in liquidity premia manifests itself in liquidity premia that are not significantly different from zero post decimalization. Similar findings have been documented, for example by Ben-Rephael et al. (2013) .
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Appendix B presents the analogue of Table 6 for a sample that includes both NYSE-and AMEX-listed stocks. Liquidity premia grow by nearly 100% in the more comprehensive sample, indicating that the generally smaller (less liquid) AMEX-listed stocks command larger liquidity premia. Moreover, the OCAM point estimates remain larger than respective estimates for CCAM in this sample. Appendix C extends the analysis to NASDAQ-listed stocks.
Liquidity premia for NASDAQ-listed firms are four to five times larger than those for NYSEand AMEX-listed stocks, and once again liquidity premia based on OCAM are roughly double those based on CCAM . Moreover, in Appendix C, we see that our results are robust to estimation using open prices from CRSP for the subset of years for which they are available.
Appendix D shows that the significant liquidity premia found in the sample of all NYSElisted stocks post-decimalization, presented in the last two columns of Table 5 , reflect premia 24 In untabulated results, we find that smaller stocks in the sample still command liquidity premia post decimalization. For example, in the 2001-2017 period, both versions of Amihud's measure have significant explanatory powers for the returns of NYSE-listed stocks whose market-capitalizations fall below the sample median. We estimate monthly liquidity premia of 3bps and 4.2bps based on CCAM and OCAM , respectively, in this subsample of small stocks and no premia for stocks with market-capitalizations above the sample median. (7) for NYSE-listed common shares in time periods 1964−2017, 1964−1980, 1981−2000, and 2011−2017 . The dependent variable is the monthly stock return in percentage points. CCAM is the traditional Amihud's liquidity measure, and OCAM is Amihud's measure after removing overnight price movements. We divide each CCAM iy and OCAM iy observation by its respective sample mean across stocks in year y, thereby centering each measure to have a mean of one, making coefficients across the two measures comparable. β mkt is market beta estimated across ten size portfolios using daily observations from the last calendar year. R100 is the compound return on a stock in the last 100 days of the previous calendar year, and R100Y R is the compound return over the remaining trading days in the last calendar year. ln(M ) is the natural log of market capitalization at the end of the previous calendar year. SDRET is the standard deviation of daily returns over the previous calendar year. DY D is the ratio of total cash dividend distribution over the previous calendar year to the closing price at the end of that year, or dividend yield. Newey-West standard errors using two lags are reported in parentheses. Symbols * , * * , and * * * reflect statistical significance at 10%, 5%, and 1% type one error, respectively. on non-common shares. This finding is in line with one in Ben-Rephael et al. (2013), who argue that the diminished liquidity premium among common shares in recent years reflects the introduction of alternative investment instruments that facilitate indirect claims to common shares. For example, investors holding ETFs are not exposed to trading costs of the underlying assets, even though they invest in them.
We now show that OCAM does a better job than CCAM of explaining the cross-section of stock returns, something that need not be implied by the larger liquidity premium associated with OCAM . Due to the high correlation between CCAM and OCAM , we decompose each version of Amihud's measure into two linearly orthogonal components with respect to the other version. 25 We estimate
and
every month, and store the corresponding residuals Z ity andZ ity . We then estimate Equation (7) using the Fama-MacBeth approach, replacing either CCAM or OCAM with the corresponding residual version of Amihud's measure, respectively Z ity orZ ity . The coefficient on each residual uncovers the incremental informational content of each version of Amihud's measure over its alternative counterpart for the pricing of liquidity. (7) for NYSE-listed common shares in time periods 1964−2017, 1964−1980, 1981−2000, and 2011−2017 . The dependent variable is monthly stock return in percentage points. Independent variables are identical to those in Table 6 , save for the measures of stock liquidity. Z is substituted for CCAM , and reflects the residuals from Equation (8).Z is substituted for OCAM , and reflects the residuals from Equation (9). Newey-West standard errors using two lags are reported in the parentheses. Symbols * , * * , and * * * reflect statistical significance at 10%, 5%, and 1% type one error, respectively. Table 7 shows that when we remove the information contained in CCAM related to variation in OCAM , the residual is not priced. Indeed, it produces a negative coefficient, possibly reflecting pricing of volatility, rather than liquidity. In contrast, the residual from regressing OCAM on CCAM , i.e.,Z, is priced over the entire sample period, as well as in the four last decades of the previous millennium. In essence, little relevant information is lost when we take out the information contained in the classical CCAM Amihud measure. Phrased differently, including the noise in the form of close-to-open returns appears to add measurement error that attenuates estimates of liquidity premia. We further observe that although the "pricing" of each residual loses statistical significance in the 2001-2017 post-decimalization time period, the coefficient signs are consistent with those found in earlier time periods.
Our findings using Fama-MacBeth regressions showcase the meaningful improvements in Amihud's liquidity measure that obtain when one uses open-to-close returns to measure price impacts rather than close-to-close returns. However, this approach is not designed to control for unobserved temporally-fixed stock characteristics when estimating coefficients, and it cannot account for fixed or varying auto-correlations in the error terms that may lead to inflated t-statistics (see Petersen (2009) ). Another possible concern with our previous estimates is that we match all monthly returns observations in year y with measures constructed using data from year y − 1. This matching suggests that investors only care about information from last calendar year rather than more recent information.
We next take a conservative estimation approach, which establishes that our findings are robust to these potential biases. We estimate panels of monthly stock returns that are matched with stock characteristics constructed from the most recent twelve months of data (see Section 2). We use a Fama-French four-factor model to construct risk-adjusted returns as the dependent variable in our panel regressions. Using risk-adjusted returns as dependent variables deals with the "errors-in-variables" issue when test assets are individual stocks (Brennan et al. 1998) . Imposing the functional form via which systematic risk factor load-ing and expected returns are related both shifts measurement error to the left-hand-side and soaks up variation in the dependent variable. This restricted model also reduces the flexibility with which coefficients are estimated. For these reasons the estimation procedure is more conservative than that in Equation (7). In addition, panel regressions let us control for invariant stock and time characteristics by use of stock and month-year fixed effects. Finally, we cluster standard errors at both month-year and stock levels. That is, we estimate
where RA it are risk-adjusted returns from a Fama-French four-factor model; fixed effects include both month-year and stock effects; LIQ ∈ {CCAM, OCAM }; and standard errors are clustered at both time and firm levels to account for auto-correlations in the error term, u it , following Cameron et al. (2012) . For a given liquidity measure, the liquidity premium, in basis points, is the product of the coefficient on the liquidity measure and the measure's sample average.
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Table 8 reinforces our earlier findings. Even after controlling for stock fixed effects, and accounting for the auto-correlations in the error terms, we obtain significantly positive liquidity premia using both versions of Amihud's measure. Again, liquidity premia obtained using OCAM are larger than those obtained using CCAM in the entire sample period, as well as in the first and second subsample periods of our data. Our final asset pricing tests conduct the panel regression analogues of the orthogonal (10) for NYSE-listed common shares in time periods 1964−2017, 1964−1980, 1981−2000, and 2011−2017 . The dependent variable is the monthly risk-adjusted returns, in percentage points, based on a Fama-French four-factor model. CCAM is the traditional Amihud's liquidity measure, and OCAM is Amihud's measure after removing overnight price movements. Both measures are constructed monthly, using daily absolute return per dollar observations from the preceding twelve months. Liquidity premium, in basis points, is the product of the coefficient on the liquidity measure and the measure's average in the corresponding sample. Dividend yield, DY D i,t−1 , divides total dividend distributions between months t − 12 and t − 1 by the closing price at the end of month t − 1. Momentum measures RET t−4 i,t−1 and RET t−12 i,t−5 , respectively, capture compound returns over the preceding three months and the nine months before that. Return volatility SDRET i,t−1 is given by the standard deviation of daily stock returns over the preceding 12 months. Market capitalization, M i,t−12 , is the product of shares outstanding and the closing price at the end of the month, a year earlier. Both year-month and stock fixed effects are included. Standard errors are clustered at both year-month and stock levels. Symbols * , * * , and * * * reflect statistical significance at 10%, 5%, and 1% type one error, respectively. decomposition analysis presented in Table 7 . We fit
using OLS. We then substitute the residuals U it andŨ it in the second stage for CCAM it and OCAM it , respectively, when estimating Equation (10). Table 9 reveals that OCAM not only outperforms CCAM in explaining the cross-section of raw returns, it does so for the the cross-section of risk-adjusted returns, and when we account for stock fixed effects and potential auto-correlations in error terms. 1964−2017, 1964−1980, 1981−2000, and 2011−2017 . The dependent variable is the monthly risk-adjusted return, in percentage points, based on a Fama-French four-factor model. Independent variables are identical to those in Table 8 , expect for the measures of stock liquidity. U is substituted for CCAM , and reflects the residuals from Equation (11).Ũ is substituted for OCAM , and reflects the residuals from Equation (12). Both year-month and stock fixed effects are included. Standard errors are clustered at both year-month and stock levels. Symbols * , * * , and * * * reflect statistical significance at 10%, 5%, and 1% type one error, respectively. 
Information-driven overnight returns
We conclude our analysis by documenting the information-driven role of overnight price movements in distorting CCAM from capturing liquidity properly. To do this, we exploit cross-stock variation in the time distance between the last transaction of a typical trading day and official close (4:00pm EST). We establish a very strong association between the extent of non-trading before close and the disparity between CCAM and OCAM . Variation in non-trading, which may reflect frictions such as lack of liquidity, large minimum tick size, etc., introduces heterogeneity in the stock of accumulated "overnight" information flow. The econometrician observes the price implications of overnight information flow on a given day as the difference between the close price and the open price of the next day. 27 However, the extent of information incorporated into prices outside of trading hours is more difficult to observe. Here, we use the time span between the last trade of a trading day and the close as a proxy for the accumulated information that is not incorporated into closing price. Figure 4 illustrates the mapping between the extent of non-trading prior to close on a given trading day and the amount of accumulated information that is expected to be impounded in price the following trading day(s). Using intraday transaction data from the TAQ database between 1993−2013, we measure the time distance, in hours, between the last transaction and close each trading day. We then average these distances every year for each stock to construct HT C iy (hours to close), which measures the average extent of non-trading before close in a given year. To quantify the ability of HT C to explain variations in the disparity between CCAM Table 10 : Association between OCAM -to-CCAM ratio and stock characteristics, including non-trading. This table presents panel regression estimates when ROC iy is regressed on the natural logs of market-capitalization, ln(M i,y−1 ), mean daily turnover, ln(T R i,y−1 ), and a measure of non-trading, HT C iy in the 1964−2017 sample. For stock i in year y, HT C iy reflects the average time, in hours, between the last transaction and close on a trading day. Specifications differ in inclusion of HT C and in the sets of fixed effects introduced. Numbers in parentheses reflect standard errors of estimates, clustered at both stock and year levels. Symbols * , * * , and * * * reflect statistical significance at 10%, 5%, and 1% type one error, respectively. and OCAM , we add HT C iy to a regression of ROC iy on stock characteristics. The panel regression includes stock fixed effects to account for unknown omitted stock attributes that may explain cross-stock variation in ROC. We also use year fixed effects to account for systematic temporal variation (e.g., varying sample composition) that may explain temporal variation in ROC's year-specific moments. Table 10 shows that HT C strongly explains the variation in the disparity between CCAM and OCAM even after controlling for stock characteristics and fixed effects. In fact, in presence of all other controls, the adjusted-R 2 rises by a striking 18 percentage points when we include HT C as an additional explanatory variable.
The negative coefficient on HT C indicates that longer periods of non-trading before close are associated with greater disparities between CCAM and OCAM . Concretely, a one-hour increase in the average duration of non-trading before close is associated with roughly a 0. To provide additional evidence of the co-variation between ROC and HT C, we document the temporal evolution of the cross-sectional variation in ROC after accounting for the variation explained by HT C. To do this, for each year, we obtain the residuals from cross-sectional regressions of ROC iy on HT C iy , and then investigate the temporal evolution of the crosssectional distribution of these residuals. These cross-sectional regressions feature an average Figure 7 highlights the ability of HT C to explain variation in ROC. In contrast to the large cross-sectional and temporal variations 28 Qualitatively similar findings obtain when we use HT C from the previous year to explain variation in current year's ROC.
in ROC highlighted in Figure 5 , the residuals of ROC on HT C are concentrated around zero (over half of the observations always fall between −0.05 and 0.05) and are remarkably stable over time, indicating that much of ROC's variation is due to variation in the extent of nontrading near close, especially pre-decimalization and before automation of equity markets.
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Conclusion
Amihud's (2002) liquidity measure (CCAM ) has been widely used by researchers to study the importance of stock liquidity for an array of financial economics issues, ranging from asset pricing to corporate finance. Its usage, in part, reflects the measure's simple construction using data that can be obtained for long histories and across different markets. The many insights based on this measure make its precision crucial. Our paper develops and implements simple improvements to this measure that require almost no additional data processing effort.
Our OCAM modification uses open-to-close returns, rather than close-to-close returns, to address a time mismatch in the construction of CCAM . Our modified measure better explains the cross-section of returns, revealing that liquidity premia are substantially larger than previously understood. We provide strong evidence that OCAM better explains the cross-section of expected (risk-adjusted) returns than CCAM . Liquidity premia based on OCAM are double those based on CCAM . Including overnight returns in the Amihud measure adds measurement error that sharply attenuates estimates of liquidity premia.
Finally, we exploit cross-sectional and temporal variation in the extent of non-trading before close as a proxy for variation in information-driven price movements to gain insights into the sources of differences between CCAM and OCAM . We find that this proxy explains a large share of the cross-sectional variation in these differences. Overall, our paper highlights the importance of excluding information-driven price movements when constructing measures of stock liquidity.
29 Such stability of residuals does not obtain when one regresses ROC on year fixed effects only. The TAQ database does not identify opening trades for most market centers, including the NYSE. 31 We otherwise follow the construction of OCAM iy detailed in Section 2.1. Of note, we can only construct these versions of OCAM post 1992, i.e., only once TAQ data became available.
32 Average correlations between OCAM amd OCAM x , before taking logs, exceed 95%. Taking natural logs This section extends the analysis of Amihud (2002) for the 1964−2017 period, expanding the sample to include both NYSE-and AMEX-listed common shares. Table B .8 reinforces our findings presented in Table 6 . Liquidity premia based on OCAM are approximately twice of these annual measures addresses non-linearities at the distribution tails. Such non-linearities likely reflect data errors that give rise to a few extreme price/volume observations at the daily level. For instance, in a few cases, we excluded from the sample trading days with reported trading volume in the first x minutes that exceeded the daily trading volume reported by CRSP. Other data errors are not as easy to identify and exclude.
those based on CCAM . Adding AMEX-listed stocks, which are considered to be less liquid than NYSE-listed stocks, results in liquidity premia for the sample of NYSE-and AMEXlisted firms that are nearly double those for the sample of NYSE-listed stocks. Moreover, Table B .8 shows that weighting observations using the previous month's gross returns, as
proposed by Asparohouva et al. (2010) , only leads to marginal declines in liquidity premia estimates, leaving results qualitatively unchanged.
C Liquidity premia on NASDAQ-listed common shares 1993-2017.
This section extends the analysis of Amihud (2002) to NASDAQ-listed common shares for the 1993−2017 period, contrasting outcomes with those for NYSE-and AMEX-listed common shares using CRSP for opening prices rather than GFD. Table C .8 performs Fama-MacBeth regressions similar to Table 5 , reinforcing our earlier findings. In particular, once more, liquidity premia based on OCAM are roughly double those based on CCAM . Moreover, liquidity premia for NASDAQ-listed firms are four to five times larger than those for NYSE and AMEX-listed stocks. Further, for this sample period, opening prices are available on CRSP, and the analysis confirms our findings regardless of whether we use CRSP or GFD for opening prices. This underscores the relevance of our analysis for most researchers who will be using publicly available data. Furthermore, it provides evidence that we can trust our findings using GFD prices for earlier dates for which other sources of opening prices do not currently exist. Finally, Table C .8 establishes robustness of our findings to upward biases in point estimates due to noisy prices. The qualitative differences in liquidity premia based (7) for NYSE-and AMEX-listed common shares in time periods 1964−2017, 1964−1980, 1981−2000, and 2011−2017 . The dependent variable is the monthly stock return in percentage points. CCAM is the traditional Amihud's liquidity measure, and OCAM is Amihud's measure after removing overnight price movements. We divide each CCAM iy and OCAM iy observation by its respective sample mean across stocks in year y, thereby centering each measure to have a mean of one. β mkt is market beta estimated across ten size portfolios using daily observations from the last calendar year. R100 is the compound return on a stock in the last 100 days of the previous calendar year, and R100Y R is the compound return over the remaining trading days in the last calendar year. ln(M ) is the natural log of market capitalization at the end of the previous calendar year. SDRET is the standard deviation of daily returns over the previous calendar year. DY D is the ratio of total cash dividend distribution over the previous calendar year to the closing price at the end of that year, or dividend yield. Newey-West standard errors using two lags are reported in parentheses. Symbols * , * * , and * * * reflect statistical significance at 10%, 5%, and 1% type one error, respectively. on CCAM and OCAM are unaffected when we perform WLS estimation with the previous month's gross returns serving as weights, following Asparouhova et al. (2010) . (7) for NYSE-and AMEX-listed common shares in time periods 1964 , 1964 −1980 , 1981 , and 2011 . Following Asparouhova et al. (2010 , observations are weighted using previous month's gross (one plus) returns. The dependent variable is the monthly stock return in percentage points. CCAM is the traditional Amihud's liquidity measure, and OCAM is Amihud's measure after removing overnight price movements. We divide each CCAM iy and OCAM iy observation by its respective sample mean across stocks in year y, thereby centering each measure to have a mean of one. β mkt is market beta estimated across ten size portfolios using daily observations from the last calendar year. R100 is the compound return on a stock in the last 100 days of the previous calendar year, and R100Y R is the compound return over the remaining trading days in the last calendar year. ln(M ) is the natural log of market capitalization at the end of the previous calendar year. SDRET is the standard deviation of daily returns over the previous calendar year. DY D is the ratio of total cash dividend distribution over the previous calendar year to the closing price at the end of that year, or dividend yield. Newey-West standard errors using two lags are reported in parentheses. Symbols * , * * , and * * * reflect statistical significance at 10%, 5%, and 1% type one error, respectively. This section extends the analysis of Amihud (2002) for the 1964−2017 period, limiting the sample to NYSE-listed stocks that are not considered common shares. We estimate Equa- (7) for NYSE-and AMEXlisted common shares in the 1993−2017 period versus those for NASDAQ-listed counterparts. The dependent variable is the monthly stock return in percentage points. CCAM is the traditional Amihud's liquidity measure, and OCAM is Amihud's measure after removing overnight price movements. We divide each CCAM iy and OCAM iy observation by its respective sample mean across stocks in year y, thereby centering each measure to have a mean of one. β mkt is market beta estimated across ten size portfolios using daily observations from the last calendar year. R100 is the compound return on a stock in the last 100 days of the previous calendar year, and R100Y R is the compound return over the remaining trading days in the last calendar year. ln(M ) is the natural log of market capitalization at the end of the previous calendar year. SDRET is the standard deviation of daily returns over the previous calendar year. DY D is the ratio of total cash dividend distribution over the previous calendar year to the closing price at the end of that year, or dividend yield. Newey-West standard errors using two lags are reported in parentheses. Symbols * , * * , and * * * reflect statistical significance at 10%, 5%, and 1% type one error, respectively. Estimates are carried out using both ordinary least squares and weighted least squares, with lagged monthly gross (one plus) return used as weights, to correct for biases identified by Asparouhova et al. (2010) . tion (7) only including stocks whose share codes differ from 10 and 11 in the CRSP data base. Table D .8 shows that significant liquidity premia among non-common share stocks obtain in the post-decimalization time period. This analysis shows the reason we find sig- (7) for NYSE-listed stocks with CRSP share codes that differ from 10 and 11 in time periods 1964−2017, 1964−1980, 1981−2000, and 2011−2017 . The dependent variable is the monthly stock return in percentage points. CCAM is the traditional Amihud's liquidity measure, and OCAM is Amihud's measure after removing overnight price movements. We divide each CCAM iy and OCAM iy observation by its respective sample mean across stocks in year y, thereby centering each measure to have a mean of one. β mkt is market beta estimated across ten size portfolios using daily observations from the last calendar year. R100 is the compound return on a stock in the last 100 days of the previous calendar year, and R100Y R is the compound return over the remaining trading days in the last calendar year. ln(M ) is the natural log of market capitalization at the end of the previous calendar year. SDRET is the standard deviation of daily returns over the previous calendar year. DY D is the ratio of total cash dividend distribution over the previous calendar year to the closing price at the end of that year, or dividend yield. Newey-West standard errors using two lags are reported in parentheses. Symbols * , * * , and * * * reflect statistical significance at 10%, 5%, and 1% type one error, respectively. Here, we show that the improvements in pricing of Amihud's measure due to removing overnight price movements result in more precise measures of liquidity in the cross-section.
To do this, we examine the pair-wise correlations of both CCAM and OCAM visà vis other commonly-used measures of liquidity as benchmarks. We examine cross-stock correlations at annual and monthly frequencies depending on the frequency at which the alternative measures are available.
We use measures of effective trading costs developed by Hasbrouck (2009) 34 The monthly measures are obtained from data used in Barardehi et al. (2019) . 
